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ABSTRACT
This study presents a non-parametric method to extract and
separate maternal and fetal Electrocardiogram (ECG) from an
abdominal channel. The proposed method relies on the use of
two additional reference signals related to the maternal and
to the fetal ECGs. The abdominal recording fetal and mater-
nal ECGs are modeled from their respective references using
a Gaussian process. Both of these signals are modeled con-
sidering a thoracic ECG reference, and an abdominal PCG
reference, respectively for maternal ECG and fetal ECG. This
general method provides a good behavior to extract fetal ECG
as stated by the numerical experiments and shows that it can
use only 1-bit reference signals, which can be easier to record
and more efficient to process.
Index Terms— fetal ECG, non-parametric model, Gaus-
sian process, multi-modal, PCG, multi-channel approach
1. INTRODUCTION
While monitoring fetal electrocardiogram (ECG) during preg-
nancy can provide important clinical information about the
health of the fetus [1], the ECG recorded from the abdomen
does not directly provide the fetal ECG. This abdominal chan-
nel is contaminated by several noise disturbances; however,
the main noise contribution is the maternal ECG which is even
stronger than fetal ECG in this data channel.
Different methods have been proposed to separate ma-
ternal and fetal ECG which use different schemes in signal
processing. Among these methods, some are proposed to
use a single channel recording of data including kalman fil-
ter [2], and non-parametric model [3], and other methods are
based on multi-channel data like singular value decomposi-
tion [4, 5], blind source separation [6, 7], and adaptive fil-
ters [8, 9, 10].
Although the latter methods like Independent Component
Analysis (ICA), and adaptive filters are efficient approaches,
they use several number of data channels which make the
method costly considering the calculation time of processing
the channels. For example in ICA [6], for maternal ECG sub-
space 3 components are needed, and 2 for fetal ECG subspace
are at least needed, so the number of observation channels
should be greater than 5 channels. Also in (linear) adaptive
filters [8] at least one reference signal is used to separate fetal
ECG from other noises, i.e. in [9] two chest leads are used to
denoise fetal ECG.
In the present study, we propose a multi-channel method
which uses a non-parametric approach using Gaussian pro-
cess to model the ECG signal. The separation of maternal and
fetal ECGs would be possible by modeling each of these sig-
nals. This method needs one reference data channel for each
ECG that we intend to model. We will then show that these
reference signals can be only 1-bit signals which are easy to
record by cheap sensors, and a 1-bit ADC and are also more
memory-efficient and has less time complexity to process.
Through this study we will present a multi-modal ap-
proach using 2 different signals: ECG and PCG (Phonocardi-
ogram) to model the ECG of the fetus and will show how
multi-modality [11] can help to have complementary infor-
mation about the ECG covariance function, although the
modalities are of two different types: ECG is the electrical
activity of the heart, while PCG is the audio signal caused by
the closure of valves of the heart [12]. A synchronous record
of ECG and PCG is shown in Fig 1.
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Fig. 1: Synchronous ECG and PCG.
In the rest of the paper, we first explain the Gaussian pro-
cess used to model an ECG signal using a reference signal
channel in Section 2.1, and then the problem of fetal ECG ex-
traction using this method and a multi-modal approach will
be presented in Section 2.2. The results are then compared in
Section 3, and the conclusions are presented in Section 4.
2. MULTI-MODAL METHOD
The aim of this section is to provide a non-parametric multi-
modal method to model an ECG using a reference signal. The
first part details the modeling and denoising an ECG signal
having one reference channel, and the second part extends it
to use two reference signals to model maternal and fetal ECGs
and to extract them from an abdominal noisy ECG channel.
2.1. Modeling ECG Using Gaussian Process
A non-parametric model of ECG is to describe it as a Gaus-
sian process (GP) [13], specified by its second order statistics:
mean function m(t) and covariance function k(t, t′). Consid-
ering ECG as a real process, we define mean and covariance
functions as
m(t) = E[ECG(t)],
k(t, t′) = E[(ECG(t)−m(t))(ECG(t′)−m(t′))],
where E[·] is the expectation operator, and the GP is noted as:
ECG(t) ∼ GP(m(t), k(t, t′))
The mean function is usually defined as 0 for notional sim-
plicity. The covariance function plays a crucial role in de-
scribing the Gaussian process, since it determines the charac-
teristics of sample functions drawn from the GP distribution.
Due to physiological variabilities, ECG is a quasi-periodic
signal, so the covariance function should reflect this property.
However, the usually-used covariance functions cannot pre-
cisely describe it: one way is thus to use a two-step model:
a strictly periodic covariance function and a nonlinear time
wrapping to adjust the quasi-periodicity as described in [3].
To overcome this difficulty, a schema to take advantage of
another reference signal to define the covariance function is
proposed in this study.
Consider a noisy ECG signal, noted y(t) as the observa-
tion, which contains the desired ECG, s(t), and noise, n(t).
Having another reference channel, which can be of another
kind (e.g., PCG), called x(t), we can take advantage of it to
define the covariance function to model s(t), if there is a de-
pendence between s(t) and sx(t)
y(t) = s(t) + n(t), (1)
x(t) = sx(t) + nx(t), (2)
where nx(t) is the noise of the reference signal. Considering
that sx(t) depends on s(t) and that noises are independent
from each other and from sources, we can also assume the
dependency of our desired signal, s(t), and the reference sig-
nal, x(t).
Let’s define ~vT (t) = [v(t), v(t − 1), · · · , v(t − T )] for
any signal v(t). s(t) depends on ~xN (t) in the GP scheme,
and ~xN (t) is the set of inputs of GP such that:
s(t) = f
(
~xN (t)
)
+ (t), (3)
where (t) is the additive noise, and the f(·) function is de-
scribed by a GP:
f
(
~xN (t)
) ∼ GP(0, k(~xN (t), ~xN (t′))). (4)
The proposed covariance function is defined by
k
(
~xN (t), ~xN (t
′)
)
=
σ2exp
(
−
(
~xN (t)− ~xN (t′)
)T (
~xN (t)− ~xN (t′)
)
2l2
)
(5)
with the hyper-parameters σ, l, and N . This covariance func-
tion defines a good assumption of the observation signal, us-
ing a window of N samples of x(t) signal. σ is to model the
amplitude of the signal, and l as the length-scale models the
smoothness of the signal. A GP model of noise can be also
defined as equation (6)
n(t) ∼ GP(0, kn(t, t′)),
kn(t, t
′) = σnδ(t− t′), (6)
where the hyper-parameter σn models the noise amplitude
and δ(.) is the delta Dirac function.
Considering the covariance functions for ECG and noise,
as defined in equations (5) and (6), the ECG signal s(t) that
we intend to denoise can then be estimated according to
sˆ(t∗) = k(t∗)K−1y,
where y = [y(t1), · · · , y(tn)]T , and n is the length of the
signal, and
k(t∗) = [k
(
~xN (t∗), ~xN (t1)
)
, · · · , k(~xN (t∗), ~xN (tn))],
and K is the covariance matrix of the observation signal
whose (i,j)th element is defined as
Ki,j = k
(
~xN (ti), ~xN (tj)
)
+ kn(ti, tj).
It is worth noting that the proposed method does not spec-
ify the nature of the reference signal: this latter one can be of
the same kind (i.e. ECG) or of any other kind (e.g., PCG) as
soon as it is correlated to the modeled ECG. Moreover, it is
also possible to replace the full reference channel, noted x(t)
here, with a 1-bit signal, let’s say xq(t). Since the assumption
of dependence of the desired signal, s(t), and xq(t) is still
correct, we can use only a 1-bit reference signal to propose a
cheaper device. It should also be mentioned that despite adap-
tive filters that use linear filters for estimation, the explained
non-parametric method provides a non-linear estimation us-
ing a GP. It should be noted that the dependency we refered
to in equation (3) does not assume a linear relationship be-
tween the input and the output [14].
2.2. Fetal ECG Extraction using Multi-Modality
The abdominal signal channel, sa(t), contains three main sig-
nals: the maternal ECG (sm(t)), fetal ECG (sf (t)), and noise
(n(t)):
sa(t) = sm(t) + sf (t) + n(t). (7)
As explained before, for each of these signals we have to con-
sider one reference signal. The reference signal for modeling
maternal ECG is an ECG data recorded from the chest, x(t);
and the reference for the fetal ECG is the envelope of a PCG
signal which is recorded from the abdomen to be referred to
as the fetal PCG. This reference signal is noted as p(t),
Maternal ECG sm(t) can be modeled, according to the
proposed model, using a chest ECG reference x(t) as
sm(t) = f
(
~xN (t)
)
+ m(t), (8)
f
(
~xN (t)
) ∼ GP(0, km(~xN (t), ~xN (t′))), (9)
with km(·, ·) defined by (5). By a GP model we can express
the fetal ECG to be dependent on the PCG envelope:
sf (t) = f
(
~pM (t)
)
+ f (t), (10)
with
f
(
~pM (t)
) ∼ GP(0, kf(~pM (t), ~pM (t′))), (11)
where the covariance function, kf (·, ·) is defined by (5).
Considering the covariance functions used for ECGs (5)
and for noise (6), the hyper-parameters for maternal ECG, fe-
tal ECG and noise are defined as θm = {σm, lm, N}, θf =
{σf , lf ,M}, and θn = {σn}, respectively. These hyper-
parameters need to be learned. In the maximum likelihood
framework, they are estimated by maximizing the log likeli-
hood
log p(sa|θ) = −1
2
log(2pi)− 1
2
log(|K|)− 1
2
sa
TK−1sa,
(12)
where sa = [sa(t1), · · · , sa(tn)]T with the length of n sam-
ples, and K is the covariance matrix of the abdominal data
whose (i, j)th entry is defined as
Ki,j = km(~xN (ti), ~xN (tj))+kf (~pM (ti), ~pM (tj))+kn(ti, tj).
The fetal ECG can then be estimated from the following equa-
tion.
sˆf (t∗) = kf (t∗)K−1sa, (13)
with
kf (t∗) = [kf
(
~pM (t∗), ~pM (t1)
)
, · · · , kf
(
~pM (t∗), ~pM (tn)
)
].
It is necessary to point out that both references used for ma-
ternal and fetal ECG estimations can be replaced by 1-bit sig-
nals.
3. RESULTS
In this section, first the use of one and two reference signal
channels are compared using synthetic data, and then the re-
sults of fetal ECG extraction from a real data is shown.
Considering the observation signal of equation (7), we
intend to estimate fetal ECG, sf (t). Two approaches can
be used here: using only one reference signal to model
sm(t) [15], or using two references to model both sm(t)
and sf (t). The synthetic data for maternal and fetal ECGs
and noise are summed, to form the synthetic abdominal ECG,
defined as sa(t). The two mentioned approaches are then
tested to extract fetal ECG. In the former approach we use a
synthetic thoracic ECG channel, noted as x(t) in the previ-
ous section, related to maternal contribution. In the second
approach beside using the maternal reference, we also use
a synthetic PCG, noted as p(t), to model fetal ECG. The
quadratic errors of estimated fetal ECGs are shown in red in
Fig. 2. According to this figure, the performance is better in
the second approach when considering two reference signals.
We have then replaced the references of both approaches with
1-bit signals, and the error results are depicted in blue in
Fig. 2. It is clear that using 1-bit references instead of full
references does not degrade the performance.
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Fig. 2: The error of estimated fetal ECG.
We have also tested the method on the real data. The data
used here is recorded from a pregnant woman in the 8th month
of pregnancy. One ECG electrode is placed on the abdomen
to record the noisy channel of data as a mixture of maternal
and fetal ECG. The abdominal PCG is also recorded using a
condenser microphone device and the thoracic ECG is also
recorded. The recorded ECGs are filtered between 0.1Hz
and 50Hz and the fetal PCG signal is filtered between 30Hz
and 100Hz. To obtain the envelope of the PCG, we used the
Hilbert transform with a moving average filter [16]. Fig. 3
shows the extraction of maternal and fetal ECGs from the
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Fig. 3: Maternal and fetal ECG extraction using full and 1-bit refer-
ences. The maternal and fetal estimation on top are results of using
full references.
noisy abdominal channel using the thoracic maternal ECG as
the reference to model the maternal ECG, and the envelope of
fetal PCG as the reference to extract the fetal ECG. Both of
these references are also replaced by their 1-bit version, and
the results of extraction are shown in this figure. As shown
here, both full and 1-bit references are able to extract the fetal
ECG; however, the fetal ECG estimated is less noisy with the
1-bit reference.
4. CONCLUSIONS
Through this work we have presented a multi-channel method
to extract fetal ECG from the noisy abdominal channel. This
method is based on non-parametric models, and we have used
Gaussian process to model the ECG signals.
The abdominal ECG is mainly a mixture of maternal and
fetal ECGs. Each of these ECG signals can be modeled us-
ing a reference data. The reference data is used to define
the covariance function of the ECG signal that we intend to
model. More specifically, the covariance function can be de-
fined properly using a window of the reference signal which
is used as the input of the Gaussian process. The reference
signal to model maternal ECG can be a record of ECG data
recorded from the chest, and to model fetal ECG, the abdom-
inal PCG, considered as fetal PCG, can play the role of the
reference signal.
This method is a multi-channel method as the classical
methods like adaptive filters; however despite adaptive filters
this is a non-linear method. The method also provides a multi-
modal approach to use the PCG data in modeling fetal ECG.
This approach first validates the relationship between these
two data, and second it gives better results in extraction of
fetal ECG when having a separate model for fetus instead of
using only one model for mother, as validated in section 3. In
the same section we have shown that the reference signals can
be replaced by 1-bit reference without a noticeable change in
the results. Using 1-bit reference signals have several advan-
tages: first of all, they are easier to record with 1-bit ADCs,
secondly, they are less memory consuming, and finally they
can be processed faster in time.
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